Abstract
Introduction

28
Avoiding dangerous global climate change, a goal that has recently been reaffirmed 29 by international political agreement at COP21 in Paris as limiting global mean surface 30 temperature rise to well below 2 • C above pre-industrial levels 1 , is one of the greatest 31 challenges currently facing humanity. Achieving this goal will require large scale changes 32 to the global energy system that serve to mitigate greenhouse gas emissions (Pachauri 33 et al., 2014), and indeed are environmentally sustainable in the wider sense, while at the 34 same time radically enhancing energy equity and maintaining continuity of supply 2 . 35 Assessing specific, global emission trajectories across time, space and sectors is a com-36 plex task and models are often used to (1) ensure that what is known about e.g. physical 37 constraints and resource potentials is considered in the analysis, (2) to provide a consistent There are significant uncertainties in not only how the system might develop (see e.g. Wilkerson et al., 2015) . In models, this reaction depends both on the in-55 put data assumptions used and the underlying methodology and structure of the model 56 (Kriegler et al., 2015b) . Hence, broadly speaking, uncertainty within E3 models stems 57 from two main areas, the adopted input parameter dataset and model structural assump-58 tions/simplifications (see also Dodds et al., 2015) . 59 Taking the former first, E3 models rely heavily on large amounts of input socio-60 economic, technical and environmental data all of which comes with its own inherent 61 uncertainties, of varying severity, now and into the future (e.g. the evolution of the cap- 2015)). Once the range of uncertainty in each parameter is quantified, a process 64 which itself can be a challenging task, the impact of such parametric uncertainty is often 65 assessed using Monte-Carlo methods, which here we take to include more targeted scenario 66 or sensitivity analyses as well as more general sampling techniques. These function by re- structural uncertainty, and its effects, largely neglected. 87 In this work we focus on structural uncertainty within a particular type of E3 models, 88 and modelling platforms, that use a specific mathematical formulation common to the field, 89 i.e. those that (usually) seek to minimise total system cost or maximize total consumer 90 and supplier surplus in a linear programming framework (e.g. MESSAGE (Messner and 91 Strubegger, 1995), OSeMOSYS (Howells et al., 2011) using ex-post analysis, found that the UK's electricity system transition between 2014 was at least 9% more costly than the cost optimal scenario would suggest over the is also subject to all constraints from the standard formulation in step 1. where iterations. Furthermore, it naturally follows that these pathways also provide an indication 269 as to which elements of the original solution can vary significantly within the near optimal 270 space. Such a set of pathways can also begin to facilitate an exploration of additional 271 criteria that may be of interest to decision makers.
272
The Scenario
273
The purpose of this study is to describe and then demonstrate the implementation of show a sizeable range of usage, i.e. ∼ ± 50% or more, even at 1% slack and once more 332 the broad trend of increasing variability with slack is apparent.
333
The middle panels of Results from applying MGA to our BAU scenario. The left column shows, from top to bottom, cumulative global primary energy consumption, electricity production and final energy consumption in transport between 2010-2050 (inclusive) for the three different MGA slacks of 1%, 5% and 10%. For each slack the first bar is the cost optimal run followed by five MGA iterations. The right column assesses the fractional variability of each energy carrier across the MGA runs in the corresponding left panel with respect to the optimal. For all carriers the bars are ordered by slack from 1% to 10%. Note that only those fuels that provide greater than 2% of total energy production or consumption in the left panels are shown in the variability plots for the sake of clarity. we've seen in the BAU scenario. We do note that this is the conclusion when difference the near optimal space of our mitigation scenario is less than in the BAU case, the former 465 being more constrained and thus having less flexibility to vary the primary resources used. 466 We consider it to be of particular importance to communicate information emerging from iterations. Here we test HSJ MGA using our BAU scenario, as it leaves room for 502 more flexibility than the mitigation scenario does.
503
In Fig. 9 we plot the results from MGAHSJ in the same format at shows little relative variability, at least compared to our MGA implementation, across the 509 runs at each slack. Fig. 2 Kriegler, E., Petermann, N., Krey, V., Schwanitz, V. J., Luderer, G., Ashina, S., Bosetti, V., Eom, J., Diagnostic indicators for integrated assessment models of climate policy. Technological Forecasting and transition pathways. Energy Policy 87, 673 -684.
